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Non-technical summary
The increased diffusion of computers is one of the fundamental changes at workplaces in recent decades and research on the productivity increasing effects of computer use as well as on how computers have changed the demand for labor is now wide spread. However, research on the wage effect of computer use still remains controversial. In particular, as recent studies have called into question the ability to distinguish the effect of computers from other confounding factors. The most cited paper that challenges the "causality"-interpretation of the positive wage mark-up for computer users relative to non-computer users is DiNardo and Pischke [1997] , that also finds a positive correlation between wages and pencil use at the workplace.
Using the same data set as DiNardo and Pischke, but a more recent wave, this paper contributes to this discussion by showing that the pencil effect disappeared in 1998/99, whereas the computer effect is still present. Building on the task-based view of technological change, I demonstrate that computer users -but not pencil users -have experienced a pronounced shift towards analytical and interactive tasks. The results further suggest that computer users are rewarded for their higher levels of analytical and interactive task inputs in the labor market.
I Introduction
The widespread use of computers is one of the fundamental changes in industrial countries in recent decades. Today, there is a consensus that the implementation of computer technologies has changed skill requirements and hence the demand for labor. Because evidence suggests this change is skill-biased, computer use is also considered an important explanatory factor for the recent changes in the wage structure.
1 Publications on wage differentials associated with on-the-job computer usage in the late-1990s, however, sounded the death knell for this body of literature, with probably the most cited criticisms of the "returns from computer use" literature coming from DiNardo and Pischke [1997] , who show that there is also a considerable wage effect from the use of pencils (and other "white-collar" tools) in cross-section estimates. They argue that if we don't believe that pencils changed the wage structure, why should we believe that computers did?
2
Using the same data set DiNardo and Pischke used, but a more recent cross-section, I show that the positive association between pencils and wages disappeared in 1998/99
while it is still present between computers and wages. This result then begs the question of why cross-section estimates suggested a positive association for both computers and pencils up to the late 1990s. While a major aim of this paper is to revitalize the discussion in this body of the literature, I also offer a speculative explanation. The explanation relies on a task-based view of technological change. As put forward by Spitz-Oener [2006] , Autor et al. [2003] and Goos and Manning [2007] the "traditional" skill-biased techno-1 Comprehensive reviews of the skill-biased technological change literature can be found in Katz and Autor [1999] , Chennells and van Reenen [1999] and Acemoglu [2002] . For a recent discussion see Kearney (2005b, 2005a) . Autor, Levy and Murnane [2003] and Spitz-Oener [2006] provide evidence on how skill requirements in the workplace have changed in recent decades.
2 For direct criticism of DiNardo and Pischke [1997] see Lang [2002] . The major argument is that computers can change the wage structure even if workers are not directly compensated for their computer use when computers are complementary with other skills. Autor, Katz and Krueger [1998] provide empirical evidence for this argument.
1 logical change hypothesis is probably an insufficiently nuanced view of changes in the workplace associated with the recent diffusion of computer technologies. The argument is that computers substitute certain tasks -those that are expressible in rules and thus programmable (termed routine tasks)-whereas they complement workers in performing nonroutine analytic and nonroutine interactive tasks. One major result of this study is that computer users -but not pencil users -have experienced a pronounced shift towards analytical and interactive tasks between 1979 and 1998/99 for which they are rewarded in the workplace.
This paper is organized in 5 sections. In the next section, I review the related literature, present the data set and the variables of interest. Section III presents and discusses the estimation results. Section IV offers a speculative explanation for the empirical finding.
Section V concludes.
II Related Literature, Data and Empirical Framework
Non-random assignment of computer technology to workers is the central theme in this body of the literature. Previous empirical studies have addressed the issue in one form or another. All of these studies consider observed differences between computer users and non-users, though there is a large difference with respect to the number of available observables in data sets. The methods used to account for unobserved heterogeneity range from including proxies for individual ability into the regression specification to applying panel data methods.
3 The results are mixed, however, and depend largely on the underlying assumptions. The panel methods, for example, hinge crucially on the assumption of time-invariant unobserved heterogeneity. In the presence of changing returns on unobserved skills, differencing the data will not remove the wage effect of unobservables 3 See Krueger [1993] , who was the first to address the question of whether workers who use computers at work are paid more as a result of their computer skills or Entorf and Kramarz [1997] and Entorf, Gollac and Kramarz [1999] , Bell [1996] , who use panel data for France or the United Kingdom.
that might be correlated with computer use. As DiNardo and Pischke [1997] already emphasized, this factor may be a plausible explanation for the differing results in panel analyzes for the United Kingdom and France -because the wage structure has widened in the United Kingdom since the early 1980s but not in France. An argument that also challenges the general credibility of panel estimates in this context is that identification in panel methods is through status changers, i.e. individuals that started or stopped using a computer. In the presence of downwardly rigid wages, panel methods lead to an underestimation of the computer wage effect.
Neither the DiNardo/Pischke-study nor the studies using panel data sets "prove" the computer coefficient to represent a pure selection effect. In contrast, the results are merely
suggestive. Yet the findings have generally been interpreted as corroborating the notion that cross-section estimates are spurious. This is even more surprising as the major issue -non-random assignment -is a common problem in empirical research. One prominent example being the interpretation of estimates of the returns to education. In contrast to the returns-to-computer-use body of the literature, researchers have devoted a lot of effort to isolate the returns to education from the selection effect.
The analysis in this paper is based on the "Qualification and Career Survey", which is a survey of employees carried out by the German Federal Institute for Vocational German residents and non-German employees are excluded from the sample. Moreover, the sample does not include self-employed, employees with agricultural occupations and employees working in the agricultural sector. Persons younger than 18 or older than 65 are also excluded from the sample.
are considered in the analyses: individual characteristics, company characteristics and workplace characteristics. I include variables reflecting individual characteristics in order to account for the fact that employees differ systematically with respect to characteristics that affect both computer use and wages. For example, as more highly educated workers are more likely to use computers at work and earn higher wages, I control for the level of formal education of employees, work experience and tenure with the current employer. As wages of civil servants are determined in a process that differs from the process for wages of employees in private companies, a dummy variable for civil servants is also included in the regressions.
One drawback of most estimates on individual-level data is that they generally do not provide information on employers. Employer information may however be important if it determines systematic effects on wages and computer use. The data set used in this study allows me to take various company characteristics into account such as company size, industry affiliation, innovation strategy and company performance. This ability is a substantial improvement over other studies in this area. Based on previous empirical research, I expect, for example, that larger companies and innovative companies pay higher wages and that they are more likely to use computer intensively.
Another feature that distinguishes this data set from others is that it includes information on the task composition of occupations. 5 These tasks describe the occupational context in which computers are introduced. In addition, this information on occupational skill requirements allows me to further reduce unobserved heterogeneity.
The variables used in the estimates are constructed as follows (Summary statistics are in Employees with medium levels of education have a vocational qualification either from an apprenticeship or they have graduated from a vocational college. Employees holding a degree from a university or a technical college are classified as having a high level of education. As shown in Table A , the majority of the survey participants, 70 percent, has a medium qualification level, whereas 17 percent are highly qualified and only 12 percent have a low education level.
The survey participants also indicate their first year of work. Based on these answers, I
calculate the years of (potential) work experience (1999 -first year of work). In addition, employees indicate the year when they started to work for the current employer. This information is used to calculate tenure (1999 -first year with current employer).
The data set includes information about previous unemployment spells (dummy variable: "Have you ever been unemployed before?"), marital status, gender and whether survey participants were born in East Germany. It also contains information about whether 6 Comparable procedures are often used in literature, for example, by DiNardo and Pischke [1997] and by Entorf and Kramarz [1997] .
an employee is working as a civil servant. In addition, I constructed a dummy variable indicating whether employees live in a city (place of residence is larger than 100,000 inhabitants).
Workplace Characteristics: The analyses by Autor et al. [2003] and Spitz-Oener [2006] document how computer have changed the content of work towards analytical and interactive activities and away from manual and cognitive routine activities. The data set allows me to capture the content of jobs by considering task levels, and therefore, it gives a description of the context in which computers are used. Survey participants are asked what kind of activities they perform at the workplace. Based on these activities five categories are constructed, which classify the occupational skill requirements: analytic tasks, interactive tasks, repetitive cognitive tasks, repetitive manual tasks and non-repetitive manual tasks. Table 1 shows the list of activities that employees were asked for in the questionnaire and how the activities are classified in the five task categories. On the individual-level i, the task measures (T ask ik ) are defined as:
T ask ik = number of activities in category k performed by i in 1998/99 total number of activities in category k in 1998/99 * 100, (1) where k=1: non-routine analytic tasks; k=2: non-routine interactive tasks; k=3: routine cognitive tasks; k=4: routine manual tasks; k=5: non-routine manual tasks. For example, if the analytical task category includes 4 activities and employee i performs 2 of them, the analytical task measure for employee i is 50.
The data set also contains information about the current occupation of the employees.
Occupations are grouped according to the (2-digit) classification of occupational titles by the Federal Employment Bureau in 1999, leading to 78 occupational groups.
Company characteristics: Company size has been identified as an important component of wage determination in previous studies, finding that larger companies pay ceteris paribus higher wages.
7 In addition, computer use increases in company size (see Table B in Appendix A). Company size measured as the number of employees is captured by 7
7 See, for example, Brown and Medoff, [1989] , Schmidt and Zimmermann, [1991] .
6 size classes. Companies with one to four employees are classified to belong to the first size bracket and companies with more than 1,000 employees to the last one. Based on these size classes, 7 dummy variables are formed. Most of the survey participants, 28 percent, belong to companies with a size class from 10 up to 49 employees, followed by the size class from 100 up to 499 employees. Companies with more than 1000 employees are represented by 12 percent of the survey participants. About 20 percent of the interviewed employees belong to small companies with less than ten employees.
The data set also includes information about the performance of companies. The survey participants were asked whether the company was doing very good, good, rather bad or bad. For each of these categories, I constructed a dummy variable. Table A shows that 18 percent of employees report to work in companies that are doing very well and 65 percent work in companies that are doing well. 17 percent of employees work in companies that are either doing rather bad or bad.
Companies are classified according to 48 detailed industry codes. Based on these codes I group companies into three sectors: manufacturing, trade, and services. 8 The inclusion of these variables accounts for inter-industry wage differentials that are not already captured by the observed individual and company characteristics.
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III Empirical Results
The most cited criticisms of the "returns from computer use" literature comes from DiNardo and Pischke [1997] who show that there is also a considerable wage effect of the use of pencils (and other "white-collar" tools) in their cross-section estimates. 8 I also ran regressions that included more detailed industry dummies. The results that I report in Section III are robust to this change in specification.
9 See, for example, Krueger and Summers, [1987] , Dickens and Katz, [1987] , Gibbons and Katz, [1992] and Abowd, Kramarz and Margolis, [1999] .
7 the results when all tools are included together in the specification. Controlling for the different workplace tools attenuates the coefficient for computer use in each period.
I reproduced their estimates for the most recent wave of the data set (Table 2, Table 3 , columns (1)- (5), display the estimation results of "standard" wage regressions.
Unreported results show that the raw log wage differential for computer use in Germany is 0.275 (about 31 percent) in 1998/99. This figure is slightly lower than the raw log wage differential of 0.288 that DiNardo and Pischke [1997] report for Germany based on the 1991/92 cross-section of the BIBB/IAB data. Thus, in contrast to the period between 1979 and 1991/92, when the raw log wage differentials for computer use increased steadily (although at a declining pace), as shown in the paper by DiNardo and Pischke, this differential remained stable or even declined slightly in the 1990s.
Columns (1)- (5) show the results of specifications that are successively extended with additional controls. Including individual characteristics such as the level of formal education, work experience, tenure, gender, marital status or residence in a city reduces the coefficient of computer use by more than 30 percent (column 1). The coefficients of the controls have the expected sign, therefore I will not discuss them in detail. The results can, however, be found in Table C in Appendix A. In column (2), workplace characteristics are included in the specification. The higher the measure is for non-routine cognitive 10 The correlation between tools ranges from 0.007 (between work while witting and pencil use) to 0.350 (between work while sitting and computer use).
activities, both analytical and interactive, the higher the wages are. By contrast, wages decrease in the measure for non-routine manual activities. Including the workplace characteristics additionally reduces the computer coefficient by 30 percent (compared to the coefficient in column 1). In column (3), company characteristics such as company size and information about the innovation strategy of the company are included in order to control, for example, for company size effects in remuneration. Industry dummies are also included to account for cross-sectoral differences in computer usage and pay. In addition, dummies indicating company performance are included. Most interestingly, the inclusion of the company characteristics hardly affect the computer coefficient. By contrast, the returns to education decreased and the dummy for employees born in East Germany as well as the dummy for employees living in the city now are insignificant. Column (4) includes 10 dummies for West German states that control for cross-state differences in wage levels owing to, for example, differing economic conditions. These variables neither affect the computer coefficient nor the coefficients of the other controls. The specification in column (5) includes 77 two-digit occupation dummies. The occupation dummies have a large impact on the estimated computer wage differential. The inclusion of the occupation dummies in the specification is warranted as one major aim of this exercise is to show that the estimated computer coefficient is robust to the inclusion of as many controls as possible. However, the occupation dummies also bear the notion of over-controlling which should be kept in mind when interpreting the size of coefficients.
From column (1) to column (5), the computer coefficient drops by more than 70 percent, indicating that the largest part of the raw logarithm wage differential for computer users has been due to observable differences that would have resulted in employees earning different wages even in the absence of computers. The results indicate that observable workplace characteristics such as workplace tasks account for the largest proportion of the bias in the raw logarithm wage differential. Conditional on all the controls, however, the results still suggest that employees who use computer on the job earn around 8 percent higher wages. Without occupation controls the coefficient is even 0.122.
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Ideal control variables are only those that are attributes of the assignment to computer use and the earnings process but are unaffected by the treatment itself (for example, time-invariant individual characteristics such as gender and place of birth). Some of the controls used in this study, such as work experience or the incidence of previous periods of unemployment, might be affected by the treatment. Computer users are, for example, less likely to become unemployed. Therefore, the treatment effect estimated here does not capture the indirect effects of computer use on wages (for example, through productivity).
In columns (6) and (7) I use a less restrictive specification that includes interactions between all covariates X (previously demeaned using sample averages) and the computer use dummy D i . Hence, in contrast to the previous regressions, the coefficient on computer use is not constrained to be homogeneous on average conditional on the observable variables. Although the previous specifications already include a large number of controls, the remaining 13 (8) percent wage markup for computer users may still be due to characteristics that are not observable in the data set at hand if these unobservables are positively correlated with both computer use and wages. The aim of this approach, often termed regression based matching or fully interacted linear matching, is to purge the specification from the remaining covariance between unobservables and computer use.
12 The specification in column (6) does not include occupation dummies, whereas the specification in column (7) includes occupation dummies. The results in column (6) show that including the interaction terms reduces the estimated coefficient of computer use slightly to 0.120 percent (=average treatment effect, ATE). The interaction terms are jointly significant (F (41,8852) = 3.24, p = 0.0000) and therefore provide evidence of the presence of heteroge-11 Unreported results show that the main conclusions from these regressions do not change when using a consistent sample of 8936 observations (column 4). The raw log wage differential then is 0.248, the coefficient of specification (1) even increases to 0.216 and the coefficient of column (2) increases to 0.171.
All being significant at the 1 percent level.
12 See Wooldridge [2002] , Chapter 18. neous effects.
13 Table 4 shows the results for selected interaction terms. The empirical evidence suggests, for example, that computer users with a university degree or with high levels of analytical tasks benefit particularly in terms of wages. Differences in gender, by contrast, do not have a significant effect on the gains from computer use.
The estimated average treatment effect for the treated (ATT) is 0.138 (S.E. = 0.020) based on this regression, which is significantly different to the ATE. 14 On average, treatment effect heterogeneity seems to be important. The result that the ATT is higher than the ATE suggests that there has been selection into treatment based on expected returns.
If computer non-user had started to use computer instead of those who actually did, they would have enjoyed a significantly lower benefit.
15
Column (7) shows the results when occupation dummies are inlcuded as additional controls. This again reduces the estimated coefficient considerably; the ATE now being 0.061. The interaction terms are again jointly significant (F (112,8666) = 8.34, p = 0.0000).
The estimated ATT is 0.083 based on this regression. As in column (6), the ATT and ATE are significantly different from each other.
As heterogeneous treatment effects appear to be important, results might differ de-
13
The standard errors in column (6) and (7) are estimated using a design-matrix bootstrap approach in order to account for the generated regressors in the specification. Because of the large number of dummy variables in the specification the resamples are chosen to be twice as large as the sample in order to guarantee that all coefficients can be estimated. The estimated covariance matrix then is doubled in accordance with the rate of convergence of the estimator.
indicates that employee i uses a computer on the job, and D i = 0 that employee i does not. D i (X −X) are the interaction terms between computer use and all the level variables X, where all the X had previously been demeaned by the sample averages.
Theδ are the estimated coefficients of the interaction terms.
15 The main focus of previous studies was on the ATE, thereby neglecting the potential of parameter heterogeneity. In a recent contribution, Dolton and Makepeace [2004] provide evidence for the importance of parameter heterogeneity. By allowing for variation in the parameter values, they find in their panel data set that some individuals benefit from computer usage in the United Kingdom. My approach of estimating the ATT is more general than the approach Dolton and Makepeace [2004] are taking.
pending on the particular assumptions made and assumptions on out of the sample predictions are particularly important in this respect. As a robustness test I therefore also did matching on the propensity score that imputes the expected non-treatment outcome for a computer user with observable characteristics X by the fitted value of a nonparametric regression in the sample of computer non-users with similar X. The details on the matching estimates can be found in Appendix B. The overall conclusions are, however, that the results are invariant to the particular estimation approach taken.
I now take up the DiNardo and Pischke [1997] idea and estimate regressions that include dummies indicating the use of various workplace tools instead of the computer dummy.
A subsample of these results, those for pencil use, are shown in Table 5 . Unreported results show that the first-order relationship between pencil use and wages is 5.7 percent (significant at the 1-percent level). Similar to the specifications in Table 3 , I successively augment the specifications with additional controls. In contrast to the computer effect, the estimated pencil effect disappears as soon as controls for individual and workplace characteristics are included in the specification (column 2).
16 The variables that have had only attenuating effects on the coefficient of computer use, now result in the pencil effect disappearing, and it takes very view controls to do so. Column (2) shows the results of the regression specification including the minimum number of controls that are necessary to eliminate the wage effect of pencil use. It is interesting to notice that the coefficient in the comparable computer equation (Table 3 , column 2) still is about 12 percent.
IV A speculative explanation
Why do the results for 1998/99 differ from results for previous years? One possible explanation is that changes in occupational skill requirements have evolved differently for computer and pencil users.
The detailed results are shown in Table D in Appendix A.
17 DiNardo and Pischke [1997] noted that the computer coefficient increases strongly over time when all tools are entered in the regression together while some of the coefficients of the other tools tend to fall over
12
As put forward by Autor et al. [2003] and Spitz-Oener [2006] the "traditional" skillbiased technological change hypothesis is probably an insufficiently nuanced view of changes in the workplace associated with the recent diffusion of computer technologies.
The argument is that computers substitute certain tasks -those that are expressible in rules and thus programmable (termed routine tasks)-whereas they complement workers in performing nonroutine analytic and nonroutine interactive tasks. In contrast to this reasoning, I expect pencils neither to substitute for nor to complement certain tasks. Table 6 .
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and routine manual activities. Besides, the coefficients of the interactive and nonroutine manual equation are significantly negative and the coefficient of the routine cognitive equation is significantly positive. Thus, it turns out that these occupations have shifted away from interactive tasks towards more routine cognitive tasks.
An inspection of underlying occupations shows that computer user and pencil user belonged to a very similar set of occupations in 1979. Examples are office workers, technicians and sales clerks. By 1998/99, however, these two groups work in different occupations. Examples of typical occupations of computer user are still office workers, technicians and sales clerks -thus the same as for both groups in 1979. Pencils user, in contrast, appear more frequently in crafts occupations such as mechanics, electricians and masons or in health care such as nurses and masseurs. Table 7 shows OLS regressions of log hourly wages on task inputs. The estimated coefficients may be interpreted as task prices. Column (1) shows the results without additional controls. The coefficients for analytical, interactive and routine cognitive tasks are significantly positive, whereas the coefficients for manual tasks are significantly negative. The size of coefficients drop when a dummy for computer usage is included in the specification (column 2). The task prices for analytical and interactive tasks are, however, still significantly positive, while the coefficient for the routine cognitive task category now is insignificant. Comparing these results with those in column (3) and (4) shows that the inclusion of additional controls don't affect the estimates much for the computer coefficient and the coefficients of the analytical and interactive task measure. Whereas the coefficient for the routine cognitive task measure now is insignificant. In column (5) I additionally include interaction terms between the task measures and the computer use dummy in order to test for complementarities in wages. This reduces both the level and significance of the task measures and only the coefficients for analytical and interactive activities remain significantly positive related to wages. Most of the interaction terms are insignificant, however. The exception being the interaction between the analytical task measure and computer usage, which suggests a complementary relationship between the two variables. In addition, while the level effect of non-routine manual tasks now is insignificant, computer users tend to have lower wages the larger their measure in non-routine manual tasks.
V Conclusions
Non-random assignment is the major issue in empirical research. The body of the literature that investigates the causal effects of education on earnings, for example, is huge. Research on the causal effects of computer use on earning, by contrast, came merely to a halt after DiNardo and Pischke [1997] .
Using the same data set DiNardo and Pischke [1997] used, but a more recent wave, provides opportunity to revitalize the discussion on whether computer users earn higher wages than employees who do not use computers on the job. In contrast to their findings for earlier years, I show that the positive association between wages and pencils disappeared in 1999 while it is still present for computer usage.
I offer a speculative explanation for the findings. The explanation relies on a taskbased view of technological change and focuses on changes in skill requirements brought about by the introduction of computer technologies in the workplace. The argument is that computers substitute certain tasks -those that are expressible in rules and thus programmable (termed routine tasks)-whereas they complement workers in performing nonroutine analytic and nonroutine interactive tasks. Previous work already demonstrated the pronounced shifts away from cognitive and manual routine tasks towards analytical and interactive tasks owing to computerization [Spitz-Oener, 2006 , Autor et al., 2003 ].
This study shows that computer users and pencil users performed similar tasks in the workplace in 1979 but by 1999 their activities had diverged. In contrast to pencil users, computer users have experienced a pronounced shift towards analytical and interactive tasks between 1979 and 1998/99 for which they are rewarded in the workplace.
Appendix A Employees with low levels of education working in large companies in the services sector are the base category. Heteroscedasticity-consistent standard errors are in parentheses in column (1)-(5). Column (6) and (7): computer * [x − E(x)] means that the specification includes interaction terms between computer use and all the level variables X, where all the X had previously been demeaned by the sample averages.
Bootstrapped standard errors using 100 resamples. ***, **, *-indicate significance at the 1, 5, 10 percent level. Employees with low levels of education working in large companies in the services sector are the base category. Heteroscedasticity-consistent standard errors are in parentheses. ***, **, *-indicate significance at the 1, 5, 10 percent level.
Appendix B Table B1 displays the results of the matching estimations when occupations are not included in the specification estimating the propensity score. Column (1) shows that, using nearest neighbor matching, the average wage effect of computer use for employees who use computer is 7.8 percent. The coefficient is significant on the 1-percent level.
In the matching, 3,461 controls are used to estimate the potential missing outcome of computer users had they not adopted computer technology.
19 Owing to the restriction that only observations within the region of common support are used, there are 400
computer users who are not considered in the analysis. Column (2) shows the results when an Epanechnikov kernel is used in the matching process. This barely changes the magnitude of the ATT, but increases the precision of the estimate. Table B3 , last column, shows the means of the main individual characteristics of the computer non-users that are used as controls in the matching approach. It is evident that, although there is a convergence between treated and controls with respect to most of the observable characteristics, the difference in educational level is still significant.
Therefore, columns (3) and (4) of Table B1 show estimates that, in addition to having close propensity scores, restrict matches to be within groups of employees with equal levels of education. This extension increases the number of computer users that are off the common support to 703. The estimate of the nearest neighbor matching declines to 6.2 percent, whereas the coefficient of the estimate that uses an Epanechnikov kernel increases to 8.2 percent. Both estimates are highly significant. Table B2 shows the results when occupation dummies are included in the specification that estimates the propensity score. Both tables show that the estimated ATTs are very similar to those found when using regression based approaches (Table 3 , column 6 and 7, respectively). This may be the case because (i) there is no common support problem, 19 Owing to missing values in the matching variables, the sample reduces to 9,240 individuals (5,779 computer user and 3,461 computer non-user) in the matching specification.
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(ii) there is little heterogeneity in treatment effects or all the propensity scores are small, and (iii) there is no serious mis-specification in the no-treatment outcome [see Blundell, Dearden and Sianesi, 2003] . Figure B1 shows the kernel density estimates of the distribution of propensity scores for computer users and computer non-users. The two distributions greatly overlap. However, the results of the matching procedure reveal that 400 (703) (1) shows the ATT of computer use using nearest neighbor matching (random draw version, bootstrapped standard errors using 100 replications). (2) Only observations that are on the common support are used.
The caliper is set to 0.001. The propensity score is estimated using the level of formal education, age, age 2 , work experience, work experience 2 , interaction between work experience and education, workplace tasks, born in East Germany, ever unemployed, living in a city, woman, married, married woman, 8 company size dummies, 39 industry dummies, 3 dummies reflecting company performance, 79 occupation dummies, 10 dummies for West German states and a constant as regressors. (1) shows the ATT of computer use using nearest neighbor matching (random draw version, bootstrapped standard errors using 100 replications). (2) Only observations that are on the common support are used.
The caliper is set to 0.001. The propensity score is estimated using the level of formal education, age, age 2 , work experience, work experience 2 , interaction between work experience and education, workplace tasks, born in East Germany, ever unemployed, living in a city, woman, married, married woman, 8 company size dummies, 39 industry dummies, 3 dummies reflecting company performance, 10 dummies for West German states and a constant as regressors. Column 4: own regressions. Similar to the specification in DiNardo and Pischke education, experience, experience squared, dummies for part-time, city, female, married, female*married, and for civil servants are included in the regressions. Table 3 , column (6). Table 6 . Robust standard errors are in parentheses; regressions are weighted by the number of individuals within occupation group; ***,**,*-indicate significance at the 1, 5, 10 percent level. Note: Specification in column (4) is identical to specification in Table 3 , column (4).
